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Major challenges in bipolar disorder research

On average, a 5-10 year gap still exists from the time of symptom onset to BD diagnosis
(Berk et al., 2007). This delay may lead to greater illness severity, comorbidities,
hospitalizations, suicide risk, and a detrimental impact on patients’ education,
employment and quality of life (Judd & Akiskal, 2003; Keck et al. 2008; Altamura et al.,
2010). It is estimated that only 20% of patients with BD presenting with depression are
properly diagnosed with BD in their first year seeking treatment (Goldberg et al., 2001).
Individuals with BD have one of the highest suicide rates among psychiatric patients,
with upwards of 50% of individuals with BD attempting suicide, and a rate of completed
suicide ~20 times higher than the general population (Schaffer et al., 2015; Pompili et
al., 2013; Grande et al., 2016).

Individuals with BD often present with comorbidities, including other common psychiatric
disorders (e.g., substance use, attention deficit hyperactivity, anxiety and personality
disorders), as well as non-psychiatric disorders (e.g., diabetes, fibromyalgia,
osteoporosis, metabolic syndrome, cardiovascular disease, endocrine disorders). All of
these comorbid conditions create additional challenges for diagnosis, treatment and
prognosis (Vieta et al., 2018.). For example, most patients with BD present with
depressive episodes that are often clinically indistinguishable from those in major
depressive disorder (MDD). While the DSM-5 criteria for depressive episodes in BD and
MDD are the same, the extent to which the underlying biological markers of depressive
symptoms in each disorder overlap or are distinct remains unknown. A number of subtle
clinical aspects may help to differentiate them from one another at a group-wise level,
including age of onset, episode duration/frequency, phenomenology such as atypical
features, response to treatment, and comorbid substance use (Grande et al., 2016;
Goodwin et al., 2008), but further studies in large, well-powered samples are needed.

While many patients may achieve periods of remission, rates of recurrent mood
episodes are high, even during treatment (Gitlin et al., 1995; Solomon et al., 1995;



Perlis et al., 2006; Vazquez et al., 2015), with long-term, subthreshold symptoms
commonly impeding full recovery. About two thirds of individuals with BD have global or
selective neurocognitive deficits, including impaired executive functioning and verbal
memory even in periods of remission (Rosa et al., 2012; Bourne et al., 2013; Martinez-
Aran & Vieta, 2015; Sparding et al., 2015, 2017), which can impact daily functioning
(Depp et al., 2012). Although cognitive deficits are present even in the early stages after
remission of the first manic episode (Torres et al., 2010), the magnitude of such deficits
tends to be small. Further, cognitive deficits in early stages may be reversible if mood
episodes can be prevented (Kozicky et al., 2014), suggesting early and optimal
intervention as a critical goal in arresting potential BD neuroprogression. In BD patients
with multiple mood episodes, although preliminary data supports the utility of
cognitive/functional remediation (Lewandowski et al., 2017, Sanchez-Moreno et al.,
2017) and 5-HT7 antagonists (Yatham et al., 2017) in improving cognitive functioning,

further work is needed.

A key hurdle facing psychiatric research is the heavy reliance on linking categorical
diagnostic labels to underlying biological measures (e.g., single nucleotide
polymorphisms, plasma markers, neurotransmitters, regional brain volumes, etc.). While
some progress has been made in associating current BD diagnostic constructs to
biological markers, from genes to neurochemistry to brain structure to behavior, the
current diagnostic labels, which discretely categorize groupings of complex and
heterogeneous symptoms, remain difficult to map onto underlying pathophysiological
mechanisms. For instance, based on DSM-5 criteria, there exist ~37,264 symptom
combinations that would meet the minimal threshold for a BD-I diagnosis alone, not
including BD-II or any specifier. Such heterogeneity, in the historical context of smaller
underpowered studies, is a key factor complicating the search for replicable and
generalizable BD biomarkers. For example, BD is highly heritable (~70%), with studies
implicating a mosaic of common and rare genetic risk factors (Edvardsen et al., 2008;
Toma et al., 2018). In the largest genome-wide association study to date (Stahl et al.,
2019), thirty common genetic variants exceeding genome-wide significance thresholds
were shown to increase the risk for BD. However, all of the genetic risk markers



combined account for only ~8% of the overall risk for BD. This indicates the presence of
a high degree of polygenicity, hidden genetic signal and gene-environment interactions
that have yet to be discovered.

The current funding landscape for bipolar disorder research has further exacerbated the
gaps in the field. Using the search term “bipolar disorder” in the United States Federal
Reporter database, the federal government has provided $2.1 billion in funding for
bipolar disorder projects from fiscal year 2008 to 2018. The search term “schizophrenia”
yielded more than $7 billion in funding, and $2.7 billion allocated to the term “major
depressive disorder” in the same time frame. Searching the database for “bipolar
disorder”, and excluding “schizophrenia” and “depression”, generates only $1.1 billion,
which likely represents funding specific to bipolar disorder from 2008 to 2018.
Notwithstanding the importance of research on MDD and schizophrenia (SCZ), it is vital
to move the BD field forward by elucidating unique symptomatology, etiology,
progression and targeted treatments. Furthermore, a recent report from the UK Mental
Health Research Funding mental health charity MQ (Woelbert, 2019) found that less
than 3% of public contributions from 2014-2017 in the UK went to mental health
research. Even with support from non-government organizations to supplement federal
funding, additional investment in BD research is required to investigate this complex
disorder and achieve reliable and robust breakthroughs which will permit improved
diagnosis and support better treatment and prognosis.

Classification of Bipolar Disorder (DSM-5)

Bipolar | Disorder:
Requires at least one manic episode. Typically includes depressive episodes but not
required for diagnosis.

Bipolar Il Disorder:
At least one hypomanic and one major depressive episode required for diagnosis.

Cyclothymic Disorder:
Depressive and hypomanic periods that do not meet criteria for major depression or
hypomania for at least 2 years.



Other Specified bipolar and related disorder:

These disorders do not meet the criteria for BD-I, BD-II, or cyclothymia due to
insufficient duration/severity of bipolar-like symptoms. For example, cyclothymia not
lasting for 2 years, depressive episodes with short-duration hypomania, etc.

Unspecified bipolar and related disorder:
Other bipolar-like disorder including symptoms that do not meet full criteria for previous
categories.

Substance-, drug- or other medical condition-induced bipolar and related disorder:
Includes symptoms of bipolar disorder such as mania and mood instability that are
caused by any medication, substance or medical condition. Examples include
amphetamine or cocaine-induced mania and hyperthyroidism.

Specifiers:
Additional details that characterize symptoms including “with rapid cycling”, “with mixed

features”, “with anxious distress”, etc.

*Note that the ENIGMA Bipolar Disorder Working Groups has performed analyses on
BD-I, BD-Il and other bipolar subtypes, including bipolar disorder not otherwise
specified (BD-NOS), a subtype that was characterized by the 4th edition of the DSM,
which has since been updated to “Other Specified” and “Unspecified” in the 5th edition
of the DSM.

Ongoing ENIGMA Bipolar Disorder Working Group Projects

In-depth studies of altered brain morphometry, white matter
connectivity and neurometabolites

Subcortical shape analysis

The ENIGMA Methods Core developed an advanced subcortical shape analysis
technique in an effort to more finely map the spatial distribution of ROI-based alterations
to subcortical structures reported in our initial study (Hibar et al., 2016). The ENIGMA
Shape Analysis Pipeline (Gutman et al., 2015;

http://enigma.ini.usc.edu/ongoing/enigma-shape-analysis/) derives local thickness




(radial distance) and surface area expansion/contraction (Jacobian determinant)
measures across thousands of points along a subcortical structure’s surface. The
deficits in hippocampal, amygdala and thalamic volumes detected in our ROI-based
analysis can now be interrogated on a more detailed level, revealing the topographic
burden across underlying subfields or subcompartments with known structural and
functional connectivity. Findings will provide more detailed mapping of case-control
differences, as well as shape alterations associated with treatment, duration of iliness
and symptom severity. This technique may help guide more mechanistic investigations
of distinct neuronal subpopulations in these structures and provide a better
understanding of the complex subcortical pathophysiology in BD.

The ENIGMA Shape Analysis Pipeline has been applied more broadly across the
ENIGMA clinical working groups and has revealed complex patterns of local variation in
schizophrenia (Gutman et al., 2019), major depression (Ho et al., 2020 this edition),
addiction (Chye et al., 2019) and 22q11.2 deletion syndrome (Ching et al., 2020).
ENIGMA BD working group efforts are underway (see vertex-wise machine learning
below) to directly compare subcortical shape metrics across disorders, as fine-grained
mapping may serve to better differentiate overlapping gross volume effects seen across
psychiatric disorders.

Mapping hippocampal subfield alterations

In ENIGMA’s large-scale analyses of BD and SCZ, lower hippocampal volume is
consistently one of the most prominent findings in affected individuals compared to
healthy controls (Hibar et al., 2016; van Erp et al., 2016). Thus, the anatomically and
functionally complex hippocampus could be a key target for understanding illness
development and/or progression, but it is not clear how different hippocampal subfields

are affected and how these finer-scale effects relate to BD pathophysiology.

Postmortem and in vivo MRI volumetric studies of distinct hippocampal subcomponents
— e.g., the cornu ammonis, subiculum and dentate gyrus — show mixed results, with

mostly smaller subfield volumes reported in BD (Harrison et al. 2018; Haukvik et al.,



2015; Haukvik et al., 2018). Indeed, a prior meta-analysis showed smaller volumes
across all subfields in BD compared to healthy controls (Haukvik et al., 2018). To date,
it has been difficult to reproduce findings across studies. Automated hippocampal
subfield segmentation is inherently difficult and factors such as small sample sizes,
clinical heterogeneity (Janiri et al., 2019), BD subtypes, iliness stage, alcohol use, illicit
substances, and medication can affect hippocampal structure.

Recently, through the development of an ex-vivo atlas, an automated hippocampal
subfield segmentation algorithm for MRI scans was developed with improved accuracy
(Iglesias et al., 2015), and made publicly available in FreeSurfer (version 6.0.0;
http://www.freesurfer.net). ENIGMA has further developed standardized post-
processing and quality control pipelines for hippocampus subfield segmentation that are
used across different ENIGMA working groups. We recently submitted the largest
hippocampal subfields analysis in BD to date, pooling data from over 4,600 MRI scans
(1,472 individuals with BD and 3,226 HC) from 23 sites worldwide (Haukvik et al.,
submitted). The project is also modeling secondary effects of diagnostic subtype,
medication use, and clinical characteristics on hippocampal subfield volumes and
provides valuable insights into the impact of BD on hippocampus subcomponents in the
largest study of its kind.

The role of obesity as a source of heterogeneity in bipolar disorder

and underlying brain morphometry

While subtle brain imaging alterations are frequently associated with BD on a group
level, such changes are found only in some, but not all BD individuals. This
heterogeneity indicates that additional clinical factors likely play a role in BD
pathogenesis. However, specific risk factors for neurostructural alterations in BD remain
mostly unknown. One potential source of brain alterations in psychiatric disorders is the
comorbidity with medical conditions known to affect the brain. Obesity, which is
prevalent in BD, is associated with brain imaging alterations in frontal and
mesiotemporal regions (Garcia-Garcia et al., 2019), similar to those observed in BD. A
genetic link between increased BMI and BD is supported by a recent large-scale study



(Bahrami et al., 2020). We and others have demonstrated that obesity is an additional
factor, which contributes to brain alterations in psychiatric disorders, including BD and
first episode of SCZ (Bond et al., 2011, 2014; Kolenic et al., 2018). The presence or
absence of obesity could explain why only some individuals with BD present with brain
imaging alterations. Focusing on obesity may help to parse the neurostructural
heterogeneity of BD and may hopefully help identify a modifiable risk factor for BD-

related brain alterations.

Modeling polypharmacy effects on subcortical brain structures

A question that repeatedly emerges when considering the neuroanatomical deviations
associated with BD is the extent to which psychotropic medications such as lithium and
antipsychotics may be driving the neuroanatomical abnormalities identified in case-
control studies. Substantial preclinical and clinical evidence points to lithium having
neurotrophic effects (Quiroz et al, 2010, Hibar et al, 2018), whereas antipsychotic
medications have been associated with reduced gray matter measures (Vernon et al,
2012; Ho et al, 2011; Hibar et al, 2018). In a previous mega-analysis of ROI
segmentation studies of BD (Hallahan et al, 2011), there was a strong association
between lithium use and enlargement of the hippocampus and amygdala. In the
subsequent ENIGMA meta-analysis employing automated segmentation of subcortical
volumes, lithium use was associated with enlarged thalamic volumes in individuals with
BD. However, these and several other prior studies (Bearden et al., 2008) usually
compared participants taking lithium to those who were not or to healthy volunteers,
with only some assessing the impact of related clinical factors such as concurrent
medications and treatment response (Hajek et al., 2012, 2014; Van Gestel et al., 2019).
The purpose of this further research initiative is to conduct a more fine-grained analysis
of medication effects and their potential modulators on subcortical brain volumes in a
large cohort of BD participants at the individual level. Using the ENIGMA-standardized
cortical and subcortical measures, we are applying linear mixed-effect models to map
complex medication effects on brain structure while accounting for individual-level

confounds. While the current study does not take the place of a randomized clinical trial,



the influence of polypharmacy (individuals taking multiple medications) and medication
dose/duration on brain measures can provide important insights into BD treatment.

Network-based white matter connectivity

Building on decades of neuroanatomical, molecular and pharmacological studies on the
underlying neurotransmitter systems at play in mood lability (Cade, 1949; Janowsky et
al., 1972; Hajek et al, 2005; Strakowski et al., 2012), network-based connectivity
(Bullmore & Sporns, 2009) has emerged as a powerful tool for studying complex
behavioral, cognitive and clinical aspects of BD. White matter topology can be
examined as maps of non-tensor based tractography weightings (Jeurissen et al., 2011)
connecting cortical and subcortical brain regions. Previous studies have revealed
altered brain integration and segregation in BD including connectivity deficits of fronto-
limbic and basal ganglia regions (Perry et al., 2018; Nabulsi et al., 2019). However,
such connectivity studies require high statistical power, especially when pursuing
precise brain node definitions (Zalesky et al., 2010). As white matter connectivity graphs
become more refined, thanks to increased data resolution and advanced diffusion
acquisitions, data-driven and permutation-based corrections are critical to balance
improved anatomical sensitivity with aforementioned limitations of previous, small-scale
neuroimaging studies in BD (Zalesky et al., 2016). In an effort to better understand the
underlying network-based mechanisms of mood instability in BD, we are currently
applying these advanced connectivity analysis methods to the ENIGMA Bipolar

Disorder Working Group diffusion-weighted samples.

Proton magnetic resonance spectroscopy (1H-MRS) for the analysis

of brain metabolites

Proton magnetic resonance spectroscopy (1H-MRS) is a non-invasive technique used
to measure brain metabolites in vivo, such as N-acetylaspartate, creatine (NAA), choline
(Cho), glutamate (Glu), glutamine, glutamate+glutamine (Glx), myo-inositol (MI) and
gamma aminobutyric acid (GABA) (Buonocore & Maddock, 2015). Despite the growing
literature on 1TH-MRS data in BD, previous systematic reviews and meta-analyses have
mainly focused on specific neurometabolites such as Glu (Chitty et al., 2013; Gigante et



al., 2012; Yuksel & Ongur, 2010), GABA (Chiapponi et al., 2016; Romeo et al., 2018;
Schur et al., 2016), Cho (Kraguljac et al., 2012; Yildiz-Yesiloglu & Ankerst, 2006) and Ml
(Silverstone et al., 2005). Given the historically small samples, results may have not
been reported by brain region, mood state or account for complex factors such as

medication.

To address these limitations, the ENIGMA Bipolar Disorder Spectroscopy Project is
gathering data from research groups around the world to meta-analyze neurometabolite
levels by mood episode, brain ROI (prefrontal, anterior cingulate, hippocampus, etc.)
and examine associations with common comorbidities and medications. This effort
represents one of the first multisite studies of brain metabolites across the ENIGMA

consortium and is helping to inform future large-scale efforts of this kind.

Brain change and accelerated aging

Mapping longitudinal brain change

Although cross-sectional brain imaging studies show that BD is associated with
structural brain abnormalities (Hibar et al., 2016, 2018; Hanford et al., 2016; Abe et al.,
2016), it remains unknown whether such abnormalities represent static traits of BD or
pathological changes over time. This is important, as the clinical course of BD appears
to be progressive for some patients (Passos et al., 2016; Cardoso et al., 2015; Barbosa
et al., 2014; Schneider et al., 2012). However, it has not been unambiguously
established that brain structure actually changes during the course of illness in BD,
beyond the changes that would be expected with normal aging (Najt et al. 2016;
Weathers et al., 2018). This is because most brain imaging studies have been cross-
sectional in design, whereas longitudinal studies are scarce and usually investigate
smaller samples. The ENIGMA BD Working Group Longitudinal Brain Change Project

aims to overcome these specific limitations.



By investigating cortical thickness, surface area, and subcortical volumes across two
time points in a large, multicenter cohort of individuals with BD and HC, we aim to better
understand the neuroprogressive nature of BD. We are employing a mega-analysis
approach, using standardized ENIGMA protocols for longitudinal image processing with
FreeSurfer (Reuter et al., 2012) in combination with linear mixed effects models (Bernel-

Rusiel et al., 2013a, 2013b) and change rate analyses.

We expect that subgroups of individuals with BD will show abnormal changes in fronto-
temporal cortices, as well as subcortical areas, such as the hippocampus and thalamus.
Structural decline may be accelerated by the occurrence of manic episodes (Ekman et
al., 2010) and may be countered by lithium use (Abe et al., 2015, Abe et al., 2019). By
relating brain change to clinical variables, such as mood episodes and medication use,
we hope to improve our understanding of the development and clinical trajectory of BD.
Beyond this, future large-scale studies with multiple time-points per individual are
needed to allow for modelling of nonlinear, individual-level trajectories of brain change.

Modeling accelerated brain aging

Many of the brain alterations discovered by the ENIGMA BD Working Group, when
comparing BD with age-matched healthy individuals, are similar to those seen in typical
aging (e.g., lower cortical thickens and hippocampal volume, decreased integrity of
white matter microstructure, etc.). These findings, along with those from other age-
related measures, have suggested that BD might involve advanced and/or accelerated
aging processes (Rizzo et al., 2014). Using brain MRI measures, studies have begun to
use machine learning approaches to estimate an individual’s ‘brain age’ and compare
that to their chronological age, yielding a brain-predicted age difference (brain-PAD).
Indications of apparent accelerated brain aging based on a larger brain-PAD have been
found in several psychiatric disorders including SCZ, which may be related to cognitive
decline (Franke & Gaser, 2019). Using ENIGMA-standardized brain measures, several
ongoing studies have incorporated large samples of healthy control data to derive
generalizable models of normative ‘brain age’ (Cole et al., 2017, 2019), using measures

such as cortical thickness and surface area — brain metrics known to be under the



influence of differential neurodevelopmental genetic factors (Winkler et al., 2009;
Panizzon et al., 2009).

In two forthcoming studies, the ENIGMA BD working group has collaborated with the
ENIGMA MDD Working Group to develop a robust, multivariate estimator of brain age
(Han et al., 2020). Measures of subcortical volume, cortical thickness and surface area
were analyzed from 952 male and 1,236 female MDD controls using ridge regression to
develop a model to predict chronological age. This model was validated within the MDD
sample and then tested for generalizability to the ENIGMA BD Working Group’s healthy
controls to determine whether the mean absolute error (i.e., difference between
chronological age and predicted brain age) was comparable to that of the HC
participants from the MDD test sample. Final measures of Brain-PAD were calculated
for the test samples. Importantly, the Brain-PAD models (separate for male and female)
will be made available to the wider research community whereby users can derive
Brain-PAD measures for their own research samples (https://old.photon-

ai.com/enigma_brainage/).

Work is underway to evaluate the association between Brain-PAD measures and
clinical characteristics within the ENIGMA BD Working Group including duration of
illness, symptom severity and medication status. Working groups across the ENIGMA
consortium are beginning to derive Brain-PAD measures based on this model, resulting
in a number of future large-scale psychiatric brain age studies. Future work will include
evaluating the extent of accelerated brain aging across a range of disorders as well as

associations with polygenic risk (Kaufmann et al., 2019).

Advanced machine learning for improved classification and
individual-level prediction

Vertex-wise machine learning

Previous machine learning on ROI-based measures has highlighted the potential of
brain morphology to perform diagnostic classification of BD (Nunes et al., 2018).



Though classification accuracies based solely on engineered ROI features are
promising, they fall short of the 80% positive predictive threshold sometimes thought to
be clinically relevant (Savitz et al., 2013). One possible way forward is to use enhanced
brain morphological features such as vertex-wise cortical and subcortical shape metrics,
which provide thousands of local structural features across the brain. Such measures
may include vertex-wise thickness, surface area, curvature, and sulcal features from the
cerebral cortex. More detailed modeling of subcortical structures includes the analysis
of vertex-wise radial distance (thickness), and the Jacobian determinant of the surface
mesh (a measure of the surface ‘dilation’ or ‘contraction’ relative to an average
template), as detailed above in the shape analysis section (Gutman et al., 2015).
Relative to the ROI features, which average morphometric features across larger brain
regions, vertex-wise metrics may improve discriminative power by providing finer-
grained information on brain structure. However, using such detailed features comes at
a cost, and the “curse of dimensionality” presents a challenge in pattern classification of
such detailed features. The higher the sampling of the morphometric features, the
smaller the distance is between individual sample points in the high-dimensional input
feature space. The development of more advanced machine learning approaches using
feature selection, representation learning and the application of deep learning may
increase the accuracy of BD classification problems. Moreover, data driven clustering or
biotyping (Drysdale et al., 2017; Dinga et al., 2019) may provide meaningful diagnostic
subtypes that better correlate with symptom profiles and improve individual-level
predictions.

Prediction of pharmacological treatment outcomes

In BD, optimal pharmacological treatment can vary between individuals and has even
been shown to induce alternate mood states (e.g., antidepressants may induce mania).
The creation of tools to aid physicians in matching patients with proper treatment is of
utmost interest. The ENIGMA BD Working Group is currently exploring how ENIGMA-
standardized MRI-derived brain features may be potentially applicable for possible

clinical use including treatment selection.



Common medications for the treatment of BD have documented morphometric effects
on brain structure (see main text) and the extent to which these brain features may
provide insight into positive treatment responses is unknown. Of course, an optimal
study of the relationship between brain measures and the adequacy of different
treatment regimens would require a large-scale, longitudinal, randomized clinical trial.
Here, we aim to provide some clues from an analysis of the large-scale cross-sectional
dataset pooled by the ENIGMA BD Working Group and are training machine-learning
models to predict which medications individuals with BD were prescribed at the time of
their scan based on cortical and subcortical morphometric features. While limitations of
such an approach are well recognized (e.g., cross-sectional design, the assumption that
the medication at time of scan was an optimal treatment, etc.), using brain structure to
predict treatment may provide much needed insights into brain features that might serve
as potential biomarkers for tracking treatment response and guiding future targeted
treatment strategies.

Multimodal classification and unsupervised clustering in multimodal
MRI data

Supervised machine learning based on multiple MRI modalities may improve
classification performance (Arbabshirani et al., 2017). Building off of the first machine
learning analysis from the BD Working Group (Nunes et al., 2018), we are currently
applying a similar strategy to classify BD individuals from controls using diffusion-
weighted brain measures of white matter integrity (DTI) with the goal of incorporating
resting-state fMRI (rsfMRI) data across sites. By fusing T1-based structural MR,
diffusion MRI and functional MRI data, we are working to apply unsupervised
techniques (as forecast above) to derive biologically based clusters of individuals
(Drysdale et al., 2017; Dinga et al., 2019) that may help tease apart BD heterogeneity in
these large, multi-site samples.



Comparing bipolar brain morphometry and gene expression across
psychiatric disorders

Multimodal structural and functional neuroimaging mediators of

general intelligence across psychiatric disorders

Impairment in general cognitive ability (g factor) is a key feature among affective and
psychotic disorders (e.g., MDD, BD and SCZ), and influences the functional status of
patients (Rock et al. 2014; Bora et al., 2015; Green et al., 2016). General cognitive
ability is particularly relevant since it represents the integration of independent brain
processes working in concert to solve problems (Deary et al., 2010). Further, altered
connectivity between brain regions is thought to underlie most psychiatric disorders
(Baker et al., 2014; Zhang et al., 2011). ENIGMA has provided advances in
understanding brain abnormalities in psychiatric disorders (van Erp et al. 2016; Hibar et
al., 2016; Schmaal et al., 2016), but a valid criticism of well-powered neuroimaging
studies in general is that their findings could be considered correlational. Different
neuroimaging modalities are analyzed separately, despite shared variance among
neuroimaging phenotypes, leading to difficulties in interpreting multimodal associations.
The release of large scale and deeply phenotyped neuroimaging samples such as the
human connectome project and the UK Biobank now allows for dissection of advanced
multimodal neuroimaging phenotypes and their relationship with general cognitive ability
at a whole-brain scale. We aim to probe mechanistic multimodal relationships among
functional and structural MRI phenotypes that are associated with general cognitive
ability in thousands of individuals using our TFCE mediation software (Lett et al., 2017).
Utilizing the immense statistical power of the ENIGMA worldwide initiatives for
examining MDD, BD, and SCZ, we aim to identify specific neuroimaging biomarkers that

mediate reduced general cognitive ability and are specific to these disorders.

Virtual histology: Mapping cortical alterations to gene expression in

bipolar disorder and beyond
The relationship between in vivo MRI and ex vivo histology is a key challenge facing
neuroimaging research (Paus, 2018). Understanding this gap essential if we are to



understand how MRI-derived metrics relate to the underlying neurobiology. ENIGMA
studies have revealed robust group differences in cortical thickness across several
psychiatric illnesses, namely autism spectrum disorder (ASD), attention-deficit
hyperactivity disorder (ADHD), BD, obsessive compulsive disorder (OCD), MDD and
SCZ (Thompson et al., 2019). These macrostructural abnormalities within the cerebral

cortex have yet to be fully understood at the level of histology and microstructure.

Multiple working groups within the ENIGMA consortium are currently working together
to apply the “virtual histology” approach, associating structural brain metrics such as
cortical thickness group differences to cell-specific gene expression from the Allen
Human Brain Atlas (Hawrylycz et al. 2012; Patel et al. 2018; Shin et al. 2017). To
ensure representativeness of the inter-regional profiles of gene expression, only genes
that have passed filtering for donor-to-median correlation and similarity with another
independent atlas of gene expression (BrainSpan) are used for subsequent analysis
(Patel et al. 2018; Shin et al. 2017). Cell-specific gene lists are derived from single-cell
RNA sequencing work characterizing pyramidal cells, interneurons, astrocytes,
microglia, oligodendrocytes, endothelial cells, pericytes, and ependymal cells.

Group differences in cortical thickness across the 34 regions of the FreeSurfer Desikan-
Killiany atlas (Desikan et al. 2006) are currently being generated meta-analytically from
linear models applied across the ENIGMA working group adjusting for age, sex and
site-specific covariates. The study sample includes over 12,000 cases and 15,000
healthy controls across the ENIGMA BD, ASD, ADHD, OCD, MDD and SCZ disorder
working groups. Findings will help to better characterize the gene expression profiles
underlying MRI-derived variations in cortical structure across these major
neuropsychiatric disorders on an unprecedented scale.
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